In image categorization the goal is to decide if an image belongs to a certain category or not. A binary classifier can be learned from manually labeled images; while using more labeled examples improves performance, obtaining the image labels is a time consuming process.
Introduction
The goal of image classification is to decide whether an image belongs to a certain category or not. Different types of categories have been considered in the literature, e.g. defined by presence of certain objects, such as cars or bicycles [7] , or defined in terms of scene types, such as city, coast, mountain, etc. [12] . To solve this problem, a binary classifier can be learned from a collection of images manually labeled to belong to the category or not. Increasing the quantity and diversity of hand-labeled images improves Tags: desert,nature,landscape,sky Tags: rose, pink Labels: clouds, plant life, sky, tree Labels: flower, plant life
Tags: india
Tags: aviation, airplane, airport Labels: cow Labels: aeroplane Figure 1 . Example images from MIR Flickr (top row) and VOC'07 (bottom row) data sets with their associated tags and class labels.
the performance of the learned classifier, however, labeling images is a time consuming task. Although it is possible to label large amounts of images for many categories for research purposes [6] , this is often unrealistic, e.g. in personal photo organizing applications. This motivates our interest in using other sources of information that can aid the learning process using a limited amount of labeled images. In this work we consider a scenario where the training images have associated keywords or tags, such as found on photo sharing websites like Flickr. Our goal is to learn a classifier for images alone, but we will use the tags associated with labeled and unlabeled images to improve the classifier using a semi-supervised approach. Image tags tend to be noisy in the sense that they might not directly relate to the image content, and typically only a few of many possible tags have been added to each image, as shown in Figure 1 . Despite the noisy relation between tags and image content, they have been found a useful additional feature for fully supervised image categorization [13, 23] .
We propose a semi-supervised learning approach to leverage the information contained in the tags associated with unlabeled images in a two-step process. First, we use the labeled images to learn a strong classifier that uses both the image content and tags as features. We use the multiple kernel learning (MKL) framework [18] to combine a kernel based on the image content with a second kernel that encodes the tags associated with each image. This MKL classifier is used to predict the labels of unlabeled training images with associated tags. In the second step we use both the labeled data and the output of the classifier on unlabeled data to learn a second classifier that uses only visual features as input. Our work is different from most work on semi-supervised learning as our labeled and unlabeled data have additional features that are absent for the test data. A schematic overview of the approach is given in Figure 2 .
We perform experiments using the PASCAL VOC'07 and MIR Flickr data sets [7, 11] that were both collected from the Flickr website and for which user tags are available. The image sets have been manually annotated for 20 and 38 categories respectively. We measure performance using average precision on these manual annotations. In our experiments we confirm that the tags are beneficial for categorization, and that our semi-supervised approach can improve classification results by leveraging unlabeled images with associated tags. We also consider a weakly-supervised scenario where we learn classifiers directly from the images tags, and do not use any manual annotation. Also in this case our approach can improve the classification performance by identifying images that are erroneously tagged.
In the next section we discuss the most relevant related work, and in Section 3 we present our method in detail. In Section 4 we present the data sets we used in our experiments and the feature extraction procedure. The experimental results follow in Section 5, and we conclude in Section 6.
Related work
Given the increasing amount of images that are currently available on the web with weak forms of annotation, there has been considerable interest in the computer vision community to leverage this data to learn recognition models. Examples are work on filtering images found using web image search, or images found on photo sharing sites using keyword based queries [3, 8, 9, 10, 19] . Others have used image captions to learn face recognition models without manual supervision [2] , or to learn low dimensional image representations by predicting caption words and can be transferred to other image classification problems [17] . A related approach was taken in [24] where classifiers were learned to predict the membership of images to Flickr groups, and the difference in class membership prob- Figure 2 . Overview of multimodal semi-supervised classification. Training images come with tags, and only a subset is labeled. The goal is to predict the class label of test images without tags.
abilities were used to define a semantic image similarity.
Two recent papers that use tagged images to improve image classification performance are closely related to our work. In [13] image tags were used as additional features for the classification of touristic landmarks. We also use image tags to improve the performance of our classifiers, but we do not assume their availability for test images. Wang et al . [23] use a large collection of up to one million tagged images, to obtain a textual representation of images without tags. This is achieved by assigning an image the tags associated with its visually most similar images in the set of tagged images. Separate classifiers were learned based on the visual and textual features, and their scores were linearly combined using a third classifier. Our approach differs in that we do not construct a new textual image representation. Rather, we use the strength of classifiers that have access to images and associated tags to obtain additional examples to train a classifier that uses only visual features, thus casting the problem as a semi-supervised learning problem.
There is a large literature on semi-supervised learning techniques. For sake of brevity, we discuss only two important paradigms, and we refer to [5] for a recent book on the subject. When using generative models for semi-supervised learning a straightforward approach is to treat the class label of unlabeled data as a missing variable, see e.g. [1, 15] . The class conditional models over the features can then be iteratively estimated using the EM algorithm. In each iteration the current model is used to estimate the class label of unlabeled data, and then the class conditional models are updated given the current label estimates.
This idea can be extended to our setting where we have variables that are only observed for the training data [21] . The idea is to jointly predict the class label and the missing text features for the test-data, and then marginalize over the unobserved text features. These methods are known to work well in cases where the model fits the data distribution, but can be detrimental in cases where the model has a poor fit.
Current state-of-the-art image classification methods are discriminative ones that do not estimate the class conditional density models, but directly estimate a decision function to separate the classes. However, using discriminative classifiers, the EM method of estimating the missing class labels used for generative models does not apply: the EM iterations immediately terminate at the initial classifier.
Co-training [4] is a semi-supervised learning technique that does apply to discriminative classifiers, and is designed for settings like ours where the data is described using several different feature sets. The idea is to learn a separate classifier using each feature set, and to iteratively add training examples for each classifier based on the output of the other classifier. In particular, in each iteration the examples that are most confidently classified with the first classifier are added as labeled examples to the training set of the second classifier, and vice-versa.
A potential drawback of the co-training is that it relies on the classifiers over the separate feature sets to be accurate, at least among the most confidently classified examples. In our setting we find that for most categories one of the two feature sets is significantly less informative than the other. Therefore, using the classifier based on the worse performing feature set might provide erroneous labels to the classifier based on the better performing feature set, and its performance might be deteriorated. In the next section we present a semi-supervised learning method that uses both feature sets on the labeled examples, and we compare it with co-training in our experiments.
Multimodal semi-supervised learning
In this section we first present the supervised classification setup (Section 3.1), which forms the basis for the semisupervised approach (Section 3.2).
Supervised classification
For our baseline image classification system we follow state-of-the-art image categorization methods [7] , and use support vector machines (SVM) with non-linear kernels based on several different image features. The kernel function k(·, ·) can be interpreted as a similarity function between images and is the inner product in an induced feature space. The SVM is trained on labeled images to find a classification function of the form
(
For a test image, the class label y ∈ {−1, +1} is predicted as sign(f (x)). In order to combine the visual and textual representations we adopt the multiple kernel learning (MKL) framework [18] , although not making use of its full power. Denoting the visual kernel by k v (·, ·) and the textual kernel by k t (·, ·), we can define a combined kernel as a convex combination of these:
The MKL framework allows joint learning of the kernel combination weights d v , d t and the parameters {α i } and b of the SVM based on the combined kernel. The parameters are found by solving a convex, but non-smooth objective function. 1 Below, we will use f v , f t , and f c to differentiate between classification functions based on the different kernels.
Semi-supervised classification
Given these different classifiers, we now consider how we can apply them in a semi-supervised setting. We use L to denote the set of labeled training examples, and U to refer to the set of unlabeled training examples. As noted above, we assume that our training images have associated tags, but that our final task is to classify images that do not have such tags. We proceed by learning a first classifier on the labeled examples in L, and then use it to predict the class labels for the unlabeled examples in U.
In the case where the first classifier only uses the visual kernel, we do not expect to gain from the unlabeled examples as predicting their label is as hard as it would be for any test image. This is confirmed by our experimental results presented in Section 5. Our experimental results also show that the image tags make many of the classification tasks substantially easier. Therefore, we will use MKL to learn a joint visual-textual classifier from L, and estimate the class labels for the images in U. Assuming that the labels predicted using the MKL classifier f c are correct, we train a visual-only SVM classifier f v from all training examples in L ∪ U.
In practice, however, the joint classifier is not perfect, and we consider two alternative approaches to leverage the predictions of the joint classifier on the unlabeled examples in U. In the first alternative, we only add the examples that are confidently classified using the MKL classifier and fall outside the margin, i.e. those with |f c (x)| ≥ 1, instead of adding all examples in U. This choice is motivated by the observation that these are precisely the examples that would not change the MKL classifier if they were included among the training data for it.
Our second alternative is motivated by the observation that the only information from the MKL classifier that we use when training the final visual classifier is the sign of the examples selected from U. Therefore, the value of f v (x i ) can arbitrarily differ from f c (x i ) provided that it is consistent with the class labels of the labeled examples, and the estimated class label of the unlabeled ones. Instead, we will directly approximate the joint classification function f c learned using MKL. We do so by performing a least squares regression (LSR) on MKL scores f c (x) for all examples in x ∈ L ∪ U, to find the function f v (x) = i α i k v (x, x i ) + b based on the visual kernel. We choose to regularize LSR by projection on a lower-dimensional space using Kernel PCA [20] . We perform singular value decomposition (SVD) to obtain a pseudo-inverse of K v = U ΛV , the centered kernel matrix for k v such that the columns have zero mean. We invert it by suppressing dimensions with singular value in Λ below = 10 −10 . Using s to denote the vector of centered classification scores obtained with f c , we then obtain the α i parameters in the vector α = VΛU s, as described in Algorithm 1 below, and b is set to 0.
Algorithm 1: Procedure for learning a semi-supervised MKL+LSR visual classifier.
Input: Labeled data L and unlabeled data U, visual kernel k v and textual kernel k t . Output: Visual classifier α using kernel
Datasets and feature extraction
In our experiments we use the PASCAL VOC'07 [7] and the MIR Flickr [11] data sets. Both were collected from the Flickr website. Example images are given in Figure 1 . For the PASCAL VOC'07 set we used the standard train/test split, and for the MIR Flickr set we randomly split the images into equally sized test and train sets. 2 The PASCAL VOC'07 data set contains around 10.000 images which were downloaded by querying for images of 20 different object categories in a short period of time. All the images were then annotated for each of the 20 categories. Using the image identifiers we downloaded the user tags for the 9587 images that were still available on Flickr at time of download, and assumed complete absence of tags for the remaining ones. Keeping the tags that appear at least 8 times (a minimum of 4 times in the training and test sets), a vocabulary of 804 tags was used.
The MIR Flickr data contains 25.000 images collected by downloading images from Flickr over a period of 15 months. The collection contains images under the Creative Common license that scored highest according to Flickr's "interestingness" score. These images were annotated for 24 concepts, including object categories but also more general scene elements such as sky, water or indoor. For 14 of the 24 concepts a second, stricter, annotation was made: for each concept a subset of the positive images was selected where the concept is salient in the image. We refer to these more scrictly annotated classes by using * as a suffix. In total we therefore have 38 categories for this data set. For the MIR Flickr data set we kept the tags that appear at least 50 times (i.e. among at least 0.2% of the images), resulting in a vocabulary of 457 tags.
We use a binary vector t i ∈ {0, 1} W to encode the absence or presence of each of the W different tags in a fixed vocabulary in a linear kernel k t (t i , t j ) = t i t j which counts the number of tags shared between two images.
For each image we extracted several different visual descriptors. We then average the distances between images based on these different descriptors, and use it to compute an RBF kernel. 3 Thus, our visual kernel is defined as
where the scale factor λ is set to the average pairwise distance,
. As in [10] , we use local SIFT features [14] , and local hue histograms [22] , both were computed on a dense multiscale grid and on regions found with a Harris interest-point detector. We quantize the local descriptors using k-means, and represent the image using a visual word histogram. We also compute global color histograms over RGB, HSV, and LAB color spaces.
Following [12] , these histogram image representations were also computed over a 3 × 1 horizontal decomposition of the image, and concatenated to form a new representation that also encodes some of the spatial layout of the image. Furthermore we use the GIST descriptor [16] , which roughly encodes the image layout. In total we thus combine M = 15 different image representations, using L1 distance for the color histograms, L2 for GIST, and χ 2 for the visual word histograms.
Experimental results
In our experiments we measure performance using the average precision (AP) criterion for each class, and also using the mean AP (mAP) over all classes.
Supervised classification
Our first set of experimental results, presented in Table 1, compares the classification performance using the visual representation and the tags, and their combination with MKL. We observe for both data sets that for many classes the visual classifier is stronger than the textual one, yielding a 10% higher mAP score. Also on both data sets, the combined MKL classifier is significantly improving the classification results, the mAP score increases by more than 13% on the VOC classes and by more than 9% on the MIR classes. Interestingly, the mAP of 0.667 obtained by combining visual features and tags is also significantly above the 0.594 winning score of the VOC'07 which used a visual classifier alone. These results are in line with those of [13] , where visual features and tags were combined for landmark classification. A difference is that we find the visual features to be stronger on average, where the situation was reversed in [13] . This might be due to the fact that they used a weaker linear classifier on the visual features, or due to the different type of classification problems: landmarks might be more likely to be tagged than classes such as diningtable. Wang et al . [23] also found textual features to improve the performance of visual classifiers, but only for relatively weak visual classifiers and not for strong non-linear classifiers.
Semi-supervised classification
In this section we present results for semi-supervised learning. We compare the following methods:
• SVM: visual classifier learned on labeled examples,
• MKL+SVM(0): MKL classifier learned on the labeled examples, followed by a visual SVM trained on all training examples using the MKL label prediction,
• MKL+SVM (1): same as MKL+SVM (0) but excluding the unlabeled examples in the margin of the MKL classifier to train the SVM,
• MKL+LSR: uses least-squares regression on the MKL scores for all examples to obtain the visual classifier,
• SVM+SVM(0): same as MKL+SVM(0) but using the visual SVM to predict the class of unlabeled examples.
• Co-training: iterative learning of textual and visual classifiers using the co-training paradigm.
The regularization parameters of the SVM and MKL algorithms can be set using cross-validation, but for the sake of efficiency we adopted the constant value of C = 10 for all experiments after observing that this value was selected for many classes and settings in initial experiments. We do not expect major differences when performing crossvalidation per class and experiment.
The co-training approach has a number of additional parameters to set: the number of iterations T in which examples are added, and the number of positive and negative examples to add in each iteration, which we denote as p and n respectively. Setting these parameters using crossvalidation is relatively costly as each co-training iteration requires re-training of the visual and textual SVM classifiers. For two classes of the VOC'07 set we evaluated the performance over the first 200 iterations using p = 1, n = 1 and p = 1, n = 3, the latter reflecting the fact that for each class there are many more negative than positive examples.
From the results shown in Figure 3 , we observe that using many iterations seems to have a detrimental effect on performance. This might be explained by the small number of positive examples in the unlabeled set. Given these results we used p = 1, n = 3 and compared T = 30 and T = 50 for the VOC'07 data set. Since only little difference was observed between the two options in terms of performance, we later opted for T = 30 for the MIR Flickr data set in order to reduce the computational load of the experiment. We evaluated the performance for different amounts of labeled training images. In one set of experiments we randomly selected k ∈ {20, 50, 100} positive and the same number of negative examples for each class. In another set of experiments we use a fraction r ∈ {10%, 25%, 50%} of the positive and negative examples from each class, i.e. with r = 10% and for a class with 2.500 positive images and 10.000 negative ones we randomly select 250 positive examples and 1.000 negative examples. Note that using 10% of the labeled images means that we use a total of 500 and 1.250 labeled images for the VOC and MIR sets respectively, that is, many more than in the k = 100 setting.
In Table 2 we report the mAP scores for both data sets for the different learning algorithms with varying amounts of labeled data. Due to lack of space we report the individual AP of the 58 classes only when using 50 labeled training examples per class, see Table 3 .
We observe that overall semi-supervised learning significantly improves the performance of the baseline visualonly SVM, in particular when little labeled training data is available. However, it does so only when using the textual features; the visual-only SVM+SVM(0) approach performs worse than the baseline on average and consistently for almost all classes and amount of labeled data. In cases with up to 100 positive and negative examples, MKL+SVM(0) seems to generalize better than MKL+SVM(1), and the MKL+LSR method clearly outperforms all other semisupervised approaches, including co-training. As Table 2 . Performance in mAP on the two data sets for different learning methods and various amounts of labeled training images.
SVM+SVM(0) tend to perform similarly. From the perclass results in Table 3 , we observe that the gain varies strongly across classes. For four out of the 38 MIR Flickr classes the baseline supervised classifier performs best: male * , river * , tree and tree * . However, this is largely compensated for by the improvements on the 34 other classes obtained by our MKL+LSR method.
Learning classes from Flickr tags
In our third set of experiments we consider learning classifiers without using any manually labeled examples. For this purpose we use the 18 classes of the MIR Flickr set for which the class name also belongs to the tag dictionary. For the training images we exclude the class name from the textual representation to avoid learning a degenerate classifier that uses the tag to perfectly predict itself. As before, performance is measured using AP based on the manual ground truth class labels on the test set. Our baseline approach takes all images tagged with the class name as positives, and all other images as negatives.
The tags have a noisy relation to the class labels since the tags are not always relevant to the image content, and most images have only a few tags and lack many relevant ones. The positive examples from tag annotation are relatively clean (82.0% precision averaged over all 18 classes), but a large portion of the true positive images is not tagged (17.8% recall on average).
As in the semi-supervised setting, we first learn a joint visual-textual MKL classifier, albeit from all 12.500 images in this case, and then use it to learn a visual only classifier. In this setting we use our semi-supervised approach to remove examples that are likely to be incorrectly tagged, rather than to add unlabeled examples. Given that the positive examples have a relatively low label noise, and that we have many more negative examples than positives, we will remove only the negative examples with the highest scores Table 3 . AP scores for the 38 classes of the two data sets using 50 positive and 50 negative labeled examples for each class.
according to the MKL classifier. We experimented with removing between 2.000 and 10.000 negative examples from the total 12.500 training examples. In Table 4 we show the performance of the baseline visual-only SVM and of the MKL+LSR approach for various numbers of negative examples that were removed. Not surprisingly, when learning from the user tags, AP scores are lower than those obtained using manual annotations for training, c.f . results for "Image" in Table 1 . However also in this more difficult scenario our semi-supervised approach improves on average over the performance of the baseline that directly learns a visual classifier from the noisy labels.
As before, the results vary strongly among the classes: for 5 classes the baseline is better (up to 5.6% on baby), while for 13 classes our MKL+LSR approach improves results (up to 9.8% on night). On average, the improvement is 2.2%. On the same subset of 18 classes, the supervised approach has a mAP of 53.0% compared to 40.7% for MKL+LSR, demonstrating the significant gain obtained by adding supervised information.
Conclusion and Discussion
We have considered how learning image classifiers can benefit from unlabeled examples in the case where the training images have associated tags. We presented a novel semi-supervised approach that operates in two stages. First, we learn a strong classifier from the labeled examples that uses both visual features and tags as inputs. The first classifier is then evaluated on both the labeled and unlabeled training examples. In the second stage we learn a visualonly classifier by fitting a function on the scores of the strong classifier, or re-training a classifier.
Our experiments compared several variants of this semisupervised approach with a co-training approach. From the results we conclude the following: (i) The tags provide a useful feature that improves classification performance for most classes when combined with visual features. (ii) Classifiers learned from limited amounts of labeled training can be improved by using unlabeled training images, but only when additional information in the form of tags is available. Table 4 . AP scores for 18 of the MIR Flickr classes when learning from image tags using a visual-only SVM approach and our MKL+LSR approach that also uses the image tags. For the latter, we removed varying amounts of negative examples to obtain the visual-only classifier.
(iii) Our semi-supervised method that uses regression to learn the second visual-only classifier outperforms the other approaches we considered. (iv) When learning from noisy image tags rather than manual labeling we can improve the performance by using our multimodal semi-supervised approach to remove noisy negative examples.
In parallel, we also considered learning the textual-visual classifier and the visual-only classifier jointly, rather than sequentially as presented in this paper. However, it appeared unclear how to make the combined classifier benefit from the visual classifier.
In future work, we want to explore more powerful text representations than the current linear kernel over binary tag absence/presence vectors. In addition, we will consider automatically adding unlabeled training data from Flickr. Using these in combination with the existing labeled data we hope to improve state-of-the-art performance on these benchmarks without additional manual labeling.
